The aim of this paper is to give a detailed description of TABEITA, the tax-benefit Micro Simulation Model (MSM) developed and man- JEL codes: C42, C88, H24, H26.
Introduction
In recent years, there has been an extensive development of simulation models for quantitative research in economics. The main aim of Micro Simulation Models (MSMs), based on individual or household data, is to analyze the impact of policy changes on the distribution of some target variables rather than on their mean, as it happens using regression techniques. With a MSM the immediate distributional impact of fiscal policies, such as an increase in child benefits, in income tax rates or in the minimum wage, can be modeled, and estimates of the characteristics of winners and losers and total cost can be computed. MSMs can also be used to project into the future and to assess the socio-economic consequences of an ageing population, or of changes in educational structure and in marriage patterns.
On the basis of the method employed to project the demographic characteristics of the sample in the future, MSMs can be classified as static or dynamic.
In static MSMs, the projection of the sample demographic characteristics can be obtained through the variation of the sample weights, leaving unchanged the observations. In dynamic models, projection is obtained through the use of transition tables that modify the characteristics and the composition of the sample through time. Moreover, MSMs can be equipped with the estimates of the behavioral responses of individuals to simulated changes in economic policies (behavioral MSM).
The purpose of this article is to describe in detail TABEITA, the MSM currently developed and mantained at Econpubblica (Center for Research on the Public Sector, Bocconi University). TABEITA is a static MSM model and does not produce estimates of behavioral responses: it provides a detailed picture of the redistributive effects of fiscal reforms, without taking in consideration the change in the economic behavior that could be induced by them. At the moment, stata modules have been computed in order to use the last 4 waves of the Bank of Italy's Survey of Households Income and Wealth (SHIW), covering the period 1998-2004. The first version of TABEITA (TABEITA98, using year 1998 SHIW data) was developed by Carlo Fiorio (Fiorio, 2004) . Subsequent updates were developed by Francesco D'Amuri (TABEITA, using year 2000 SHIW data) and Marco Cavalli (TABEITA02 and TABEITA04, years 2002 and . In this paper we focus mainly on the first two versions of the model. The main distinguishing features of TABEITA02 and TABEITA04 are described in Cavalli and Fiorio (2006) . Section 2 discusses the data set employed and its main limitations, Sections 3 and 4 briefly outline the structure of the model, while Sections 5 and 6 discuss critical issues for the reliability of a MSM: grossing up and validation. The equivalence scale employed is described in Section 7, while Section 8 describes a simple exercise using TABEITA00.
The data set
Static models are generally based on sample surveys, which provide detailed information about individual and family characteristics, labor force status, housing status, earnings. The data set used by TABEITA, is the Survey of Household Income and Wealth (SHIW) published by the Bank of Italy.
TABEITA actually employes the last four SHIW datasets (from year 1998 to 2004, the last available year). The SHIW is a long standing survey: it was started in the mid 1960s, was run about annually up to 1987, henceforth about every two years. The Bank of Italy has been paying particular attention to improve the quality of the data. For instance since 1995 an increasing number of interviews were performed using a computer to check consistency of answers and particular attention was paid in formulating questions as clearly as possible with several trial interviews. At present the SHIWs are the main, if not the only, data set for Italian household MSMs and among the most frequently used for any kind of household income analysis at the national level in Italy (for a review of other data sets, see Brandolini, 1999) . The sample is drawn in two stages (municipalities and households) with the stratification of the primary sampling units (municipalities) by units and size, to make it representative of the national population. Within each stratum, all municipalities with population of more than 40,000 were selected, while smaller towns were randomly included. Households were then selected randomly and a sampling weight, defined as the inverse of the probability of inclusion of each household in the sample, was attached to each observation. Data are checked before release: the strategy is either to drop the interview for the whole household if missing data cannot be reasonably inferred from other characteristics of the individual/household or to impute the missing data, often using regression models to forecast missing variables based on the personal characteristics of the individual/household involved. Data imputation is very low for most variables (Banca d'Italia, 2006, p.40) .
Some limitations of the database
Among the limitations of the SHIW data set some affect any analysis of Italian household income, some others are specifically of interest for the reliability of MSMs. A first limitation of the dataset is the low rate of response. Participation in the survey is voluntary and not paid. Although all households were granted total anonymity, in 2004 only 36.4% of contacted households agreed to being interviewed. The low rate of response can cause a selectivity bias as some households seem to be more likely to refuse an interview. In fact, the likelihood of accepting an interview decreases with increases in income, wealth and education of the household head, and the size of the town of residence (Banca d'Italia, 2006, p. 35) . In order to mitigate the selectivity bias some measures are adopted, such as the replacement of refusing households with others from the same town. Some estimations of the selectivity bias on incomes recorded in SHIW show that the underestimation of household income is on average rather limited (Cannari and D'Alessio, 1992) estimate it at about 5%). Other limitations of this data set include the fact that the household is interviewed rather than the family. This leads to an overestimation of the average number of components, which cannot be corrected at all since the relevant information is missing. The interviews include only recall questions, i.e. questions referring to the previous year, reducing the precision of the reporting. An alternative approach would be to ask households to record all their incomes and expenditures of the coming week or month but it was discarded to keep a reasonable rate of response and to avoid approximations that come from extending the week or month to cover the whole year. Finally, data do not include information about people who do not have a registered dwelling or are in a hospital or other kind of institution. As for the limitations which are more relevant for MSMs, the main one refers to the type of income recorded: it refers to disposable income, excluding taxes and social contributions paid and benefit received. Hence, the first role of a MSM is to simulate the before-tax income before introducing any other policy simulation. This feature implies that, in contrast to other MSMs, no simulation error can be properly assessed (for the U.K. see Pudney and Sutherland, 1994) . The few cases of imputation (never more than 2% of the total population of perceivers of this type of income) are due to missreporting of employment benefits and of pension income. For self-employment income data imputation is higher (but still very low in relative terms, around 4% of the total of selfemployed) and partly is due to imputation of investment for tax credits. The higher extent of data imputation reflects greater difficulties in the measurement of this type of income relative to employment income. Real estate and capital income are recorded at the family level, and are imputed to individuals using share of ownership, which is recorded for each individual in the household. Some discrepancy appears here, in particular as the reconstruction of individual income starting from family income does not seem to strictly follow the imputation via ownership quotas, but no information is available on the Bank of Italy procedure for imputing real estate income. In the SHIW dataset used by TABEITA it was preferred to impute income at an individual level by following information on share of ownership.
Preliminary check of the dataset
3 The structure of the model 
Building the tax base
As a first step the model has to put together the different types of incomes to build the tax base. TABEITA was initially built and developed following Dirimod95, using 1995 SHIW data (Mantovani, 1998) 4 . Analysis of data is performed starting from employment, pension, self-employment incomes, transfers, capital income and rents (respectively crrld, crrpens, crrauto, crrtrasf, crrinterr, crrcat stata programs). They all form the Italian PIT tax base and are aggregated by the crrnetti stata program.
Once all the components of the PIT tax base have been assembled, household relations are recovered identifying those who are required to present the tax form and those who are not, the family relations and the right to use tax allowances depending on family composition according to the tax code of the relevant year. This analysis is performed assuming a coincidence of household and family since the data do not allow one to disentangle the presence of more than one family under the same dwelling.
Up to this point, income is only AT. The program then recovers the BT income excluding those components of AT income which are not liable to PIT (e.g. invalidity pensions), taking into account those tax allowances which do not depend on income, then applying an iterative procedure to recover numerically the BT income (crdetded and crimpon stata programs). For the Italian PIT code, the AT income of individual i can be derived as:
where t i is the multiple-bracket tax schedule applied to taxable income; yc i is the PIT gross income, which is equal to BT income minus PIT-exempt incomes, yex i ; d i is a set of deductions to be subtracted from yc i ; D i and Dy i are a the set of tax allowances that do and do not depend on BT income, respectively, and that reduce the tax to be paid. The algorithm developed in TABEITA then recovers the BT income as:
Clearly, in the first step of (3) 
Grossing-up
As discussed in the introduction, MSMs are mainly used for forecasting and analyzing the impact of a change in the structure of the tax and benefit system on (a) the distribution of income and (b) national accounts.
For this purposes, it is necessary onto project the sample to country totals. This projection can be obtained using a simple proportion between the dimension of the sample and that of the national population, generally weighted using the sampling weights provided in the data set. More often, data sets come with weights to be used for national projections, which are obtained from a process of post-stratification of the sample to known population totals.
Post-stratification is an issue that has been extensively analyzed in survey statistics (see for instance Sarndal et al. (1992) ) and consists in calibrating some sub-samples (post-strata) of a data set to given totals. In the MSM literature post-stratification is more commonly referred to as grossing-up, since the problem consists in grossing the sample up to the population under study. The aim of the grossing-up procedure is to make the sample as close as possible to the true population, although it depends on the variable used for performing the grossing-up as well as on the procedure implemented.
The grossing-up procedure is basically aimed at adjusting the data set to reflect differential non-response between different groups in the sample.
The grossing-up procedure consists in assigning to each unit in a sample of dimension N a weight p j with j = 1, ..., N , such that some chosen statistics of interest calculated on the weighted sample coincide with the population statistics. The procedure is trivial if we want to reconcile the sample with the population using only one discrete statistic, s k with k = 1, ...K, such as family types or income ranges. In this case, we compute the probability of having the characteristic s k in the sample, say P (s k ), and make it equal to the probability To choose among them Atkinson et al. (1988) suggest the requirement that given a data set of dimension N , with original sampling weights q j , j = 1, 2, ..., N , the set of grossing-up weights p j have the least deviation from original weights, q j . The original weights could reflect the sampling procedure or be uniform. Both grossing-up and initial weights have to sum up to the population size:
q j = p j = n. If original and sample weights sum up to the sample dimension, they first have to be multiplied by n/N . It is then common practice to impose the condition that the new weights minimize the distance from initial weights. Hollenbeck (1976) proposed to use as a measure of distance the half of the squared sum of the difference between final and initial weights. However, in order to avoid negative weights, Atkinson et al. (1988) suggest minimizing a measure of distance derived from information theory (Theil, 1967; Cowell, 1980) :
As for the optimal number of control totals to be included, no result is currently available. Although it is more common to face the problem of not having enough external sources than to have too many, Sutherland (1989, p. 15) warns on the risk of increasing the variance of weights since the larger the number of control totals becomes, the smaller the number of observations in each "cell' (i.e. with each combination of characteristics being controlled for). were significantly more plausible. The conclusion from their analysis is that the use of uniform weights can be seriously misleading.
The SHIW data set is post-stratified using the variables sex, age class, area and dimension of the town of residence (Banca d 'Italia, 2006, p. 47) . However, it is not clearly stated what methodology was used and, for instance, which age classes were considered. Table 1 shows how much the weighted sample differs from population totals using the post-stratification weight provided in SHIW for year 2000. It can be seen that, using the SHIW weights, the differences between the post-stratified and actual figures are small (less than 1%) as far as sex and area of residence (North-West (NW), North-East (NE), Center (C) and South (S)) are consid-ered, but they become worryingly large for age groups (especially by area of residence) and schooling. Moreover, the post-stratified figures obtained using SHIW00 weights are rather different from those released by the tax administration. This is probably due to the fact that SHIW00 weights are calculated using the control totals provided by ISTAT. Since ISTAT control totals differ from those provided by the tax administration, there could be a problem with post-stratified simulations. For instance, the effects of an hypothetical tax policy that affected mainly the selfemployed would probably be overestimated as these groups are over-represented using the SHIW weights. All these issues are of particular relevance whenever an analysis of income by population subgroups is performed. For these reasons a set of alternative post-stratification weights were estimated using the same methodology as Atkinson et al. (1988) using control totals found in Ministero delle Finanze (2004) In comparable Italian MSMs the issue of estimation of grossing-up weights alternative to those provided in the data set is often overlooked. Neither MASTRICT (Proto, 2000) , nor Dirimod95 (Mantovani, 1998) and its updated version Mapp98 (Baldini, 2001) , nor the Italian module in EUROMOD (Atella et al., 2001 ) address the problem and the weights provided in the SHIW data set are used instead. 
Estimation of tax evasion and validation
A common finding from the SHIW data set is that, in some cases, income in the survey is on average higher than what declared to fiscal authorities and that the difference is larger for some incomes (e.g. self-employment) and smaller for others (e.g. employment). In other cases (for example, capital income), due to the presence of underreporting, income tends to be underestimated.
Disregarding this fact would then imply a simulation of a different tax yield than that actually obtained, hence an incorrect forecasting of redistributive and revenue effects of different fiscal policies. Any MSM for Italy that uses SHIW data, needs to consider this discrepancy. The common practice is to assume that any positive difference comes from the fact that taxpayers are more honest with an interviewer that grants anonymity than with the fiscal authorities. The positive difference between the total amount of income grossed-up from individual incomes declared in the SHIW and the total amount of income declared to the fiscal authorities is therefore attributed to tax evasion or tax avoidance.
6
This approach has also been used in recent year to provide an estimate of tax evasion to be compared with other methods of tax evasion estimation (see, among others, Fiorio and D'Amuri (2006) ). Alternative methodologies include the direct approach, the indirect approach or the latent variable approach 7 (for a review of results from different methods to estimate 6 In this case, income variables are inflated using a constant percentage in order to meet the totals declared by the tax administration.
7 The direct approach is based on tax audits or on census and labor force data and on analysis of expenditures. The assumptions are that the labor force participation obtained from population census and labor force surveys include unregistered employment, and that consumption is more truthfully declared than income, clearly an analogous assumption to what used here.
The indirect approach is based on the currency demand approach, which assumes that hidden transactions use cash. A demand for currency is than estimated with regression methodologies (for a review of the approach and updated results, see Schneider (2000) ).
The latent variable approach considers the underground economy as a non observable variable and estimates the links with a set of determinants, including the production and underground economy in Italy, see Zizza (2002) ).
In Dirimod95 an estimate of evasion/avoidance is obtained making use of the analysis of 1991 tax forms, relative to 1990 incomes (Ministero delle Finanze, 1995) . Tax evasion and tax avoidance is estimated in two stages. At first the model is run assuming zero evasion, data are grossed-up and total BT income is compared to BT income as found from aggregated tax forms. In the second stage increasing level of tax evasion and tax avoidance is estimated and the resulting income is compared with data from aggregate tax forms. In Dirimod95, however, tax form data refer to 1990 incomes and their updating to 1995 using a constant consumer price index (CPI) adds a bias in the estimation procedure. The module of EUROMOD for Italy deals with tax evasion and tax avoidance in a similar way, using results from MASTRICT, a MSM developed at ISTAT (Proto, 2000) . In particular, in the EUROMOD module for Italy employment income tax evasion and tax avoidance is estimated to 0%, selfemployment income to 50% (Atella et al., 2001 ).
The methodology to estimate tax evasion in TABEITA is similar to the one in Dirimod95. Constant percentages of tax evasion are calculated for different types of income, comparing total net incomes reported by aggregated tax form data with those calculated by the MSM model. Imputation of tax evasion is based on the tax form data from the same (or the nearest available) year.
Once the imputation of tax evasion and correction for underreporting is carried out, it is then possible to provide a first validation of the model's output. The validation procedure is carried out in each version of TABEITA, in 
Equivalence scales
Once the BT incomes have been recovered and all the consistency and reliability checks have been carried out, it is possible to exploit the MSM to perform an assessment of the redistributive effect of different PIT codes. Since the focus of the analysis is on household welfare, the use of an equivalence scale is necessary. Given the impossibility of obtaining a unique equivalence scale (see Cowell and Mercader-Prats (1997) and Blundell and Lewbel (1991) C:/mydocuments/projects/MSM/TABEITA04/stata/gross.
The model is made by a series of STATA programs (see Table 5 ), each one can be run separately. The file master.do initializes the model and runs all its files subsequently. The first set of files creates a dataset with all the information on the individual AT income (see Table 5 Initializes the MSM and runs all the other programs subsequently.
crrld.do
Reconstructs net employment income. Consistency checks are carried out to control the accuracy of data aggregation and the extent of data imputation.
crrpens.do
Reconstructs net pension income. Consistency checks are carried out to control the accuracy of data aggregation and the extent of data imputation.
crrauto.do
Reconstructs net self-employment income. Consistency checks are carried out to control the accuracy of data aggregation and the extent of data imputation.
crrtrasf.do
Reconstructs income from welfare benefits, scolarships, family allowances etc. Consistency checks are carried out to control the accuracy of data aggregation and the extent of data imputation.
crrinterr.do
Reconstructs active interest received and passive interest borne by the individual. Consistency checks are carried out to control the accuracy of data aggregation and the extent of data imputation.
crrcat.do
Reconstructs real estate/rental income following the Italian Tax Code. Imputation of cadastral income is carried out following Baldini (2001) , pp. 13-15. Consistency checks are carried out to control the accuracy of data aggregation and the extent of data imputation.
crrtot.do
Aggregates incomes by income type. Labels all main variables.
crrnetti.do
Aggregates incomes by type of taxable income.
crrevas.do
Imputes different levels of tax evasion by income type. crdetded.do Imputes tax allowances. crimpon.do Imputes BT income by means of an iterative algorithm.
irpef.do
Calculates allowances, taxable income, gross and net PIT following the tax code of the relevant year. 
